ABSTRACT While a variety of methods exist to reconstruct ancestral sequences, all of them assume that a single phylogeny underlies all the positions in the alignment and therefore that recombination has not taken place. Using computer simulations we show that recombination can severely bias ancestral sequence reconstruction (ASR), and quantify this effect. If recombination is ignored, the ancestral sequences recovered can be quite distinct from the grand most recent common ancestor (GMRCA) of the sample and better resemble the concatenate of partial most recent common ancestors (MRCAs) at each recombination fragment. When independent phylogenetic trees are assumed for the different recombinant segments, the estimation of the fragment MRCAs improves significantly. Importantly, we show that recombination can change the biological predictions derived from ASRs carried out with real data. Given that recombination is widespread on nuclear genes and in particular in RNA viruses and some bacteria, the reconstruction of ancestral sequences in these cases should consider the potential impact of recombination and ideally be carried out using approaches that accommodate recombination.
A NCESTRAL sequence reconstruction (ASR) is one
of the most popular uses of phylogenies, allowing us to test hypotheses about the evolution of ancestral genes and genomes (Liberles 2007) . Moreover, inferred ancestral sequences can be synthesized in the laboratory, so their function can be studied in vitro Chang et al. 2002) . There are many applications of ASR, including the reconstruction of ancestral biochemical pathways (Gabaldon et al. 2006 ) and paleoenvironments (Boussau et al. 2008; Gaucher et al. 2008) , vaccine design (Gaschen et al. 2002) , or the resurrection of ancestral viruses (Dewannieux et al. 2006) .
A number of methods to reconstruct ancestral DNA and protein sequences have been developed during the last decades, in parallel with the development of methods for inferring phylogenies like maximum parsimony (MP), maximum likelihood (ML), and Bayesian approaches (Cunningham et al. 1998; Ronquist 2004; Liberles 2007) . Several studies have shown that ASR works reasonably well (e.g., Koshi and Goldstein 1996; Zhang and Nei 1997; Cai et al. 2004; Hall 2006; Williams et al. 2006) . Importantly, a common assumption of ASR methods is that all the positions in the alignment have evolved under the same phylogeny, and therefore that there is a unique, single most recent common ancestor (MRCA) for all the sequences in the sample. However, if recombination has occurred along the history of the sample, different parts of the alignment can have distinct evolutionary relationships (see . In this case, each recombinant fragment will correspond to a particular genealogy or tree and will have its own MRCA ( Figure 1 ). Indeed, all recombinant fragments finally coalesce into a single ancestor, which in the coalescent jargon is often referred to as the grand most recent common ancestor (GMRCA) (Griffiths and Marjoram 1997) (Figure 1 ). In the absence of recombination, the GMRCA and the fragment MRCA sequences are necessarily identical, as they refer to the same node. However, this is not necessarily true if there is recombination, because in this case different regions of the alignment will have their own MRCA at different times. Importantly, the reconstruction of the GMRCA can be very difficult, as changes in the GMRCA will be fixed at the fragment MRCAs (Figure 2) . Moreover, it is known that ignoring recombination can bias phylogenetic estimation Beiko et al. 2008) and derived inferences (Schierup and Hein 2000a,b) . Given all these complexities, we expect recombination to bias ASR. Therefore, the consequences can be important, as recombination is widespread in nuclear, viral, and bacterial genomes Awadalla 2003; Fraser et al. 2007; Gaut et al. 2007; Duret and Arndt 2008) . Here we used computer simulations to assess and quantify the effect of recombination on ASR.
MATERIALS AND METHODS

Simulation of recombinant sequences:
We simulated alignments of coding and noncoding nucleotide sequences under different scenarios, allowing for both intercodon and intracodon recombination, and where both GMRCA sequence and the MRCA fragments were known (Arenas and Posada 2010) . In all cases, we used the same number of sequences (n ¼ 11; 10 ingroup sequences 1 1 outgroup sequence), alignment length (l ¼ 999 nucleotides/333 codons) and effective population size (N ¼ 1000). We explored three different values of the population mutation parameter (u ¼ 4Nml ¼ 50, 100, and 200) and six population recombination rates (r ¼ 4Nrl ¼ 0, 1, 4, 16, 64, and 128) , where m and r are the substitution and recombination rates per site per generation, respectively. Note that these rates encompass many different organisms, as they range from zero to extreme values like those observed in rapidly evolving pathogens (McVean et al. 2002; Stumpf and McVean 2003; Carvajal-Rodriguez et al. 2006) . Noncoding nucleotide sequences were evolved under the JC69 substitution model ( Jukes and Cantor 1969) while protein-coding sequences were evolved under the GY94 model (Goldman and Yang 1994) , with a transition/transversion ratio of 0.5 and equal nonsynonymous (d N ) and synonymous (d S ) rates per nonsynonymous and synonymous site, respectively
. We used simple substitution models to focus on the role of recombination. For every combination of parameters, we simulated 200 alignments. The latter resulted in 6, 11, and 19% average pairwise nucleotide distances, respectively for u ¼ 50, 100, and 200. Amino acid alignments were obtained by translation of the simulated coding sequences, assuming the universal genetic code; allowing us to include intracodon recombination at the protein level.
Reconstruction of ancestral sequences: For every simulated alignment, we built neighbor-joining (NJ), maximum parsimony (MP) and maximum likelihood (ML) phylogenetic trees using PAUP* (Swofford 2000) and HYPHY (Kosakovsky Pond et al. 2005) and rooted them using the outgroup. We carried out ASR using different methods and implementations: joint and marginal ML ASR in PAUP*, joint ML ASR in HYPHY, and marginal empirical Bayes ASR (Huelsenbeck and Bollback 2001) in PAML (Yang 2007) . For nucleotides and codons the model of substitution assumed in all the analyses was the same model used to generate the data, thereby Figure 1 . Substitutions along branches are marked with solid circles, followed by the position and the states involved. The two changes that occur between the GMRCA and the MRCAs (enclosed in a box and shaded) are fixed in the sampled sequences, so the corresponding ancestral states in the GMRCA (1A and 6C) cannot be recovered from this sample.
avoiding the effect of model misspecification. In the case of amino acids, the ASR was carried out assuming the WAG model (Whelan and Goldman 2001) .
ASR for recombinant fragments: We also devised a procedure that considers recombination during ASR. First, recombination breakpoints were located with GARD (Kosakovsky Pond et al. 2006) . The resulting alignment fragments and corresponding NJ trees were redirected to HYPHY/ PAUP* for joint ML ASR for each fragment. In the case of PAUP*, recombinant fragments lacking one of the four bases were pooled with the largest neighboring fragment. Also, breakpoints detected inside codons were moved to the nearest intercodon position. In addition, we repeated the reconstructions using the simulated (true) trees for each fragment.
Error measure: Error was measured as the percentage of differences (at the nucleotide, codon, or amino acid level) between the inferred and simulated ancestral sequence at the ingroup MRCA. In the absence of recombination, this comparison is straightforward because there is only one MRCA for the whole alignment (and it is the same as the GMRCA). However, when there is recombination, there are several MRCAs for the different recombination fragments and one GMRCA. In this case, we computed two different errors, the distance from the estimated ancestral sequence to the simulated GMRCA and the average distance from the inferred ancestral sequence to the fragment MRCAs.
Phylogenetic error: We also calculated the phylogenetic error between the inferred tree/s (one if recombination is ignored; several if recombination is accounted for) and the true tree/s (one if recombination has not occurred; several if there is recombination) for each segment. This error was estimated using two different metrics, the Robinson-Foulds (RF) distance (Robinson and Foulds 1981) , which only considers differences in topology, and the branch score (BS) distance (Kuhner and Felsenstein 1994) , which also considers differences in branch lengths.
Analysis of real data: We analyzed two different alignments of the env region of HIV-1. The first data set was downloaded from the HIV Sequence Database (http:/ /www.hiv.lanl.gov) and included the HIV-1 group M reference alignment plus an outgroup (40 sequences, 2514 bp). The second data set included only subtype B viruses and an outgroup (38 sequences, 2557 bp) (Doria-Rose et al. 2005) . Sequence U19647 was too short, and therefore we removed it from the latter data set. In both cases, we realigned the sequences using MAFFT (Katoh and Toh 2008) and removed ambiguous positions with Gblocks (Talavera and Castresana 2007) . We selected best-fit models with jModelTest (Posada 2008 ) and inferred ML trees using Phyml (Guindon and Gascuel 2003) . We inferred ancestral sequences ignoring/considering recombination using the methodology described above and estimated population recombination rates with omegaMap (Wilson and McVean 2006) . Then, we scanned the resulting sequences for known HIV-1 and CTL epitopes using ELF (http:/ / www.hiv.lanl.gov/content/sequence/ELF/epitope_analyzer. html) and MHCPred (Guan et al. 2003) , respectively, and for N-linked glycosylation sites using NetNGlyc (Gupta et al. 2004) .
RESULTS
Impact of recombination on ASR:
Recombination biased the reconstruction of the GRMCA sequence. For nucleotide sequences, the error reached up to 11, 20, and 36% for u ¼ 50, 100, and 200, respectively (Figure 3 ; open bars). For codons, the error was higher, up to 30, 50, and 72%, respectively (supporting information, Figure S1 ). For proteins, the error was also noticeable, up to 24, 41, and 62%, respectively ( Figure S2 ; open bars). Note that if we just referred to the reconstruction at variable sites, which is where the ASR can make a difference, the error would increase notably, up to 39, 48, and 56% (nucleotides), up to 51, 63, and 76% (codons), and up to 51, 60, and 71% (proteins) for u ¼ 50, 100, and 200, respectively. In all cases, the error logically increased with the recombination rate and was Figure 3 .-Nucleotide ASR error as a function of the recombination rate. The percentage of nucleotide differences is shown between the inferred and the simulated GMRCA sequences, ignoring recombination (open), using the fragments and trees inferred by GARD (shaded), or using the simulated (true) fragments and trees (solid) for different levels of diversity (u) and recombination (r). Error bars indicate 95% confidence intervals. In the example shown, ancestral nucleotide sequences were inferred using joint ML in HYPHY.
larger for divergent sequences. Remarkably, this error was independent of the exact ASR algorithm ( joint, marginal), phylogenetic framework (MP, NJ, ML) or software (PAUP*, PAML, HYPHY) ( Figure S3 ). Recombination also confounded, although to a much less extent, the estimation of the MRCA for each individual recombinant fragment (Figure 4 ; Figure S4 , Figure S5 , and Figure S6 ).
Indeed, in the simulations, the average distance between the GMRCA sequence and the fragment MRCAs increased with the recombination and substitution rates (Table 1 ). Looking at the error figures for the GMRCA and fragment MRCAs (Figure 3 ; Figure  S1 and Figure S2 vs. Figure 4 ; Figure S5 and Figure S6 ), it is clear that the ancestral sequences estimated were always much more similar to the fragment MRCAs than to the GMRCA, especially at high recombination and substitution rates. The ASR error relative to the GMRCA was several times larger regardless of the method or implementation used (data not shown).
ASR considering recombination: When ASR was carried out taking into account the recombination fragments delimited by GARD, the error in the reconstruction of the GMRCA always decreased, although not in a significant fashion (but note that in five out of five cases it is smaller, which itself is a nonsignificant result) (Figure 3 ; shaded bars). When the true trees and fragments were used in the analysis, the error decreased further, sometimes significantly (Figure 3 ; solid bars). The same trend was observed for amino acid sequences ( Figure S2 ; shaded and solid bars).
In the case of the fragment MRCAs, the use of the segments identified by GARD reduced the ASR error significantly, 25%, for recombination rates higher than 1, independently of the substitution rate (Figure 4 ; shaded bars). When the true trees and fragments were used in the analysis, the error clearly decreased, although it was quite independent of the recombination rate (Figure 4 ; solid bars). The same trend was observed for amino acid sequences ( Figure S6 ). MRCAs as a function of the recombination rate. The percentage of nucleotide differences is shown between the inferred and the simulated fragment MRCAs sequences, ignoring recombination (open), using the fragments and trees inferred by GARD (shaded), or using the simulated (true) fragments and trees (solid) for different levels of divergence (u) and recombination (r). Error bars indicate 95% confidence intervals. In this case ancestral nucleotide sequences were inferred using joint ML in HYPHY. Relationship between phylogenetic error and ASR accuracy: When recombination was ignored, the RF distance was significantly correlated across replicates with the ASR error [Pearson's correlation coefficient (corr.) ¼ 0.75, P-value , 2.2e-16] and it was significantly larger for those sites that were assigned a wrong ancestral state (two-way ANOVA, P-value ¼ 0.02). The BS distance was also correlated with the ASR error (corr. ¼ 0.97, P-value , 2.2e-16), but it was independent of whether the assigned ancestral state was correct or wrong (P-value ¼ 0.98). The same results were obtained when recombination was considered using GARD, although in this case the RF distances (but not the BS distances) were significantly smaller (two-way ANOVA, P-value , 2.2e-16).
Analysis of real data: For the HIV-1 group M data set, the estimate of r was 8.5 and the number of recombination breakpoints detected by GARD was 4. For the HIV-1 subtype B data set the estimated r was 4.5 and the number of recombination breakpoints detected was 7. For HIV-1 M, the ancestral sequences inferred ignoring/considering recombination differed by 4.69% (118 nt) and 9.24% (70 aa), for nucleotide and amino acid ASR, respectively, while for HIV-1 B this difference was 3.56% (91 nt) and 4.82% (39 aa). When recombination was ignored, the number of epitopes identified in the inferred ancestral M sequence was 354, although when recombination was taken into account this number was 447. In the ancestral B sequence, 494 epitopes were detected in both cases, although these epitopes were not exactly the same. The number of CTL epitopes inferred was different depending on whether recombination was considered or not (Table S1) , and the number of N-glycosylation sites inferred for the ancestral M sequence inferred ignoring/considering recombination was 14/17. For the HIV-1 B data, the number of detected N-glycosylation sites was 22 regardless of recombination, but the inference corresponded to different positions.
DISCUSSION
Our simulations clearly show that recombination biases the reconstruction of ancestral nucleotide, codon, and amino acid sequences, regardless of the method and/or software used. The effect of recombination on ASR was stronger at higher recombination and substitution rates, but it was also considerable at low recombination rates. This trend was expected because tree height grows with the recombination rate due to an increment of incompatibilities in the data (EyreWalker et al. 1999; Schierup and Hein 2000a) . The ASR error was largest at the codon level, suggesting that ASR with recombination is better accomplished at the nucleotide or amino acid level. The ASR error decreased when the true trees and fragments were used in the analysis, suggesting that it is due to the fact that in the presence of recombination the history of the whole alignment cannot be explained by a single phylogeny anymore, but by a set of distinct phylogenies for the different recombinant fragments. In this case, if we ignore recombination, the inferred tree can be an incorrect representation of the true underlying phylogenies , and the ASR would fail when trying to infer ancestral states at (wrong) nodes. In fact, in the presence of recombination the positions that were assigned a wrong ancestral state supported worse topologies but similar branch lengths than sites that were correctly reconstructed.
While the error in the reconstruction of the fragment MRCAs was independent of the recombination rate, the estimated GMRCA sequence became less accurate with increasing recombination rates. Indeed, we expect the GMRCA and the fragment MRCAs to be more different with increasing recombination rates, because in this case the height of the simulated tree and the number of recombinant fragments will be larger, and therefore the sum of branch lengths between the GRMCA and the MRCAs will be bigger. In most situations, the GMRCA will be much more difficult to estimate than the fragment MRCAs, because all the substitutions that occur between the GMRCA and the fragment MRCAs will be fixed, and the ancestral states at the sites involved will never show up in the sampled sequences. Therefore, the ancestral sequence reconstructed in the presence of recombination will always be closer to the fragment MRCAs than to the GMRCA sequence.
Detecting breakpoints and estimating independent trees for each recombinant fragment is of little help in obtaining a more accurate GMRCA sequence, but it can be very useful if we are interested in the fragment MRCAs. Although the fragment MRCAs will correspond to different nodes of the genealogy, their sequences could be used for a better depiction of the history of changes in the sample or to reconstruct specific protein domains. For example, in the case of HIV-1, the latter applies to the design of polyvalent vaccines, in which the interest is on particular epitopes spread across the entire sequence (Gao et al. 2003; Nickle et al. 2003; Doria-Rose et al. 2005) . Still, a more robust method for the reconstruction of the ancestral (GMRCA) sequence in presence of recombination is clearly needed. A potential avenue could be the use of explicit phylogenetic networks (Huson and Bryant 2006) , where one could do the ASR integrating over the different trees embedded in the network, as in Bayesian phylogenetics (Huelsenbeck and Bollback 2001) . However, this might be quite challenging given the impact of recombination on the accuracy of phylogenetic networks (Woolley et al. 2008 ) and potential problems identifying the GMRCA (Castelloe and Templeton 1994 ). An alternative could be the reconstruction of rooted ancestral recombination graphs (Song and Hein 2005; Minichiello and Durbin 2006; Parida et al. 2008) .
Nearly every published study incorporating ancestral sequence reconstruction assumes no recombination, despite the fact that recombination is widespread on the nuclear genome of many eukaryotes, and in particular in RNA viruses and some bacteria. In these cases, although the target is most often the GMRCA, what is being estimated in practice will be much closer to the fragment MRCAs. To what point the error induced by recombination has relevant implications should be discussed on a case-by-case basis and within the context of the intended use of the reconstructed sequences. Indeed, it is possible that just a few nucleotide changes in the inferred ancestral sequence can lead to different functional or evolutionary inferences, while in other cases a larger number of changes may have little impact on conclusions (Krishnan et al. 2004 ). In our example, recombination resulted in different predictions regarding the structure/activity of the inferred ancestral domains and epitopes. In any case, the impact of recombination on ASR should be kept in mind when making ancestral inferences from genes and proteins with a potential history of recombination.
We are grateful to Keith A. Crandall for his comments. We also thank the editor and the anonymous reviewers for their excellent suggestions. FIGURE S1.-Codon ASR error as a function of the recombination rate for GMRCA inferred sequences. The figure shows the percentage of codon differences between the inferred and the simulated ancestral GMRCA sequences, for different levels of diversity ( ) and recombination ( ). Dotted, dashed and continuous lines correspond to = 50, 100 and 200, respectively. Error bars indicate 95% confidence intervals. In the example shown ancestral codon sequences were inferred using joint ML in HYPHY.
FIGURE S2.-Amino acid ASR error as a function of the recombination rate. The figure shows the percentage of amino acid differences between the inferred and the simulated GMRCA ancestral sequences, ignoring recombination (white), using the fragments and trees inferred by GARD (grey), or using the simulated (true) fragments and trees (black), for different levels of diversity ( ) and recombination ( ). Error bars indicate 95% confidence intervals. In the example shown ancestral amino acid sequences were inferred using joint ML in HYPHY.
FIGURE S3.-Error in the reconstruction of the GMRCA as a function of the recombination rate. The panel shows the percentage of nucleotide differences between the inferred and simulated GMRCA ancestral sequences for different levels of divergence ( ) and recombination ( ), and for different ASR methods and software. Error bars indicate 95% confidence intervals. FIGURE S4.-Error in the reconstruction of the fragment MRCAs as a function of the recombination rate. The panel shows the percentage of nucleotide differences between the inferred and simulated fragment MRCAs sequences for different levels of divergence ( ) and recombination ( ), and for different ASR methods and software. Error bars indicate 95% confidence intervals. FIGURE S5.-Error in the reconstruction of the fragment MRCAs as function of the recombination rate at the codon level. The figure shows the percentage of codon differences between the inferred and the simulated fragment MRCAs sequences, for different levels of divergence ( ) and recombination ( ). Dotted, dashed and continuous lines correspond to = 50, 100 and 200, respectively. Error bars indicate 95% confidence intervals. In this case ancestral codon sequences were inferred using joint ML in HYPHY.
FIGURE S6.-Error in the reconstruction of the fragment MRCAs as function of the recombination rate at the protein level. The panel shows the percentage of amino acid differences between the inferred and the simulated fragment MRCAs sequences, ignoring recombination (white), using the fragments and trees inferred by GARD (grey), or using the simulated (true) fragments and trees (black), for different levels of divergence ( ) and recombination ( ). Error bars indicate 95% confidence intervals. In this case ancestral amino acid sequences were inferred using joint ML in HYPHY.
